Publicly available information about radon potential in Northern Ireland is currently based on indoor radon results averaged over 1-km grid squares, an approach that does not take into account the geological origin of the radon. This study describes a spatially more accurate estimate of the radon potential of Northern Ireland using an integrated radon potential mapping method based on indoor radon measurements and geology that was originally developed for mapping radon potential in England and Wales. A refinement of this method was also investigated using linear regression analysis of a selection of relevant airborne and soil geochemical parameters from the Tellus project. The most significant independent * Corresponding author. Tel: +44-115-9363207; Fax: +44-115-9363200.
Introduction
In order to prevent the public receiving high exposures to radon, it is necessary to identify those areas most at risk. The potential for high indoor radon concentrations depends on multiple factors including the amount of radium-226 in the ground underneath buildings, and the permeability of the ground. As a result, indoor radon tends to be correlated with local geology Barnet et al., 2008; Kemski et al., 2009; Scheib et al., 2009 ). The probability of homes in Northern Ireland having radon concentrations above the UK Action Level (AL, 200 becquerels per cubic metre of air, Bq m -3 ) is currently estimated on the basis of the results of radon measurements in homes, grouped by 1-km squares where there are sufficient results in the square, or interpolated from the nearest measurements for squares where there are too few results ). This approach does not take any account of the geological influence on indoor radon ). An integrated mapping method has been developed to use indoor radon results in conjunction with geological boundaries to map radon potential (RP irg ) with greater accuracy and detail than currently available for Northern Ireland . This method is applied to indoor radon and geological data available in Northern Ireland and the results are compared with the 1-km grid square radon potential (RP ir ) map based solely on indoor radon measurements.
Both the 1-km grid and the integrated mapping methods can have significant uncertainties where indoor radon data are sparse. It is difficult to provide a consistent indication of the spatial variation of the likely reliability of the RP ir and RP irg maps although the density of indoor radon measurements is probably the best indicator ). Uranium concentrations in surface rocks and soils, estimated by airborne gamma spectrometry surveys of gamma rays from 214 Bi, and referred to as eU (equivalent uranium), have been used to inform radon potential mapping in many countries (Appleton, 2007; Smethurst et al., 2008) .
The integrated geological-grid square radon mapping of England, Wales and Scotland did not use airborne geophysics or soil geochemical data, because neither is universally available in GB. In Northern Ireland, the Tellus Project has produced new geochemical and geophysical maps designed to support mineral exploration, inform land-use planning and provide environmental baseline data (Young et al., 2007; Beamish and Young, 2009 ). The study reported here develops and applies to the whole of Northern Ireland the predictive modelling methods of a pilot study (Appleton et al., 2008) which used linear regression analysis of a selection of relevant Tellus airborne and soil geochemical parameters in an attempt to refine the radon map based solely on indoor radon data and geology. In this study, a range of national and terrain specific linear regression models are statistically validated against the radon map based on indoor radon and geology in order to assess whether radon potential maps derived by predictive modelling of ground permeability, airborne gamma-ray spectrometry and soil geochemical data could usefully inform future indoor radon measurement programmes. et al. (2008) describe the airborne gamma-ray spectrometry and soil geochemistry data from the Tellus Project, together with ground permeability information based largely on aquifer character (Ball et al., 2005; McConvey, 2005) and the approximately 23,000 indoor radon measurements available for Northern Ireland . Uncertainties related to indoor radon measurements are documented by Hunter et al., (2005 Hunter et al., ( , 2009 ) and Miles and Appleton (2005) . For the integrated radon mapping of Northern Ireland, the 1:250 0000 scale bedrock and superficial geology data (GSNI 1991 (GSNI , 1997 were simplified and then unioned and intersected with a 1-km grid, derived from the Irish National grid, using ArcGIS geoprocessing tools. Radon potential estimates were made for each 1km\bedrock\superfical (1kmBS) polygon initially following the method described in Appleton and Miles (2005) . In cases where there were too few house radon results available for a bedrock\superficial (BS) geological combination to allow the spatial variation to be mapped using the method described by Miles and Appleton (2005) , a number of different approaches were taken, dependent on the number of indoor radon measurements and their distribution (Table 1 ).
Materials and methods

Appleton
An average radon potential value is usually applied uniformly to those geological units with insufficient indoor radon measurements for the application of the combined geological-grid square mapping method. The possibility of mapping spatial variation of radon potential within these geological units was investigated by deriving a smoothed map of Tellus airborne eU within geological units, and then using the variation in the smoothed airborne eU data to map intra-geological variation in radon potential. Three units for which there are many indoor radon results and combined geological-1-km grid square mapping results available were used to test the method. However, it was concluded that corrected uniform mapping using smoothed eU data, when applied in a standard manner to units with few house radon results, is unlikely to produce any significant improvement in accuracy over the application of the average radon potential to the whole of the geological unit, so this method was not investigated further. For the relatively small number of BS polygons for which no indoor radon data is available, the radon potential was assessed by analogy with similar geological combinations (Table 1) .
Radon mapping based on a least squares linear regression analysis approach using data including airborne gamma-ray spectrometry has been used in Central England (Scheib et al., 2006) and for a pilot study in the SE sector of Northern Ireland (Appleton et al., 2008) .
In this study we investigate the relationship between radon potential (RP irg ; i.e. estimated % grouped airborne gamma spectrometry eU, eTh, K and soil chemistry data were used for the linear regression modelling because these data usually have distributions that are closer to normal than lognormal . Central estimates of the distributions of the grouped data are required for the linear regression modelling.
There is an approximately linear relationship between GM of geologically and spatially grouped indoor radon data and AM eU (Scheib et al, 2006; Appleton et al., 2008; . For geologically and spatially grouped data the linear relationship between GM indoor radon and %>AL calculated by lognormal modelling is statistically significant but is not, of course, perfect due to the number of other factors which impact on indoor radon concentrations.
The scheme used to attribute a permeability value to each bedrock\superficial geological combination is different to that described in Appleton et al (2008) . Interval values of 1, 2, 3 or 4 representing estimated low, medium, high or very high permeability were assigned to bedrock and superficial geology units based on information in Ball et al., 2005 . The scale ranges are 1 to 3 for superficial geology and 1 to 4 for bedrock; 4 being assigned to the highly permeable Carboniferous limestone bedrock. The permeability value attributed to each bedrock\superficial combination in a particular 1km grid square depends on the thickness of the superficial deposits. The bedrock permeability value was used where bedrock is at the surface or the superficial deposits are <1m thick (because building foundations generally go down to bedrock when the superficial cover is very thin). The permeability rating for the superficial unit is used when the superficial deposits are >3 m thick and the average of the bedrock and superficial permeability values is used when the superficial deposits are relatively thin (1-3 m). For 5km grid square -geology grouped data, permeability is not either categorical or interval variables in the conventional sense (i.e. values are not all 1, 2, 3 or 4; Figure 1 ) and for this reason permeability is treated as a continuous rather than a categorical variable.
For this study, three datasets were constructed to allow regression modelling of the parameters to be investigated for the whole of Northern Ireland:
(1) Data for 1km\bedrock\superficial (1kmBS) polygons with 30 or more radon measurements (range 30-310, median 59) and 10 or more airborne data values (13-102, median 59). The regression modelling was carried out for all the data (106 1kmBS polygons) and also separately for the SE sector (79 1kmBS Proterozoic terrain in the western sector.
For the BS and 5kmBS data groupings, regression analysis was carried out using (i) the indoor radon data, (ii) the AM airborne eU, eTh and K values calculated from the 5 airborne data points located nearest to each house location, (iii) the AM soil K, U, Th, Zr, Y, Ca, Si, Al and Fe concentrations for the 1kmBS polygon in which each house is located, calculated from the nearest 5 soil samples located on the same BS combination, and (iv) the average permeability for the 1kmBS polygon. This data was used to ensure that the indoor data, airborne data and soil data have approximately the same spatial supports. In this study, each house location was given the geographical coordinates for the centre of the 1kmBS polygon in which it is located in order to maintain the confidentiality undertaking given to house owners.
In general terms, the estimated values of independent variables y i at location x j are
constructed from values within a vicinity V(x j ) of an indoor Rn datum C(x j ). The dependent variable is the RP. As described in Appleton et al. (2008) this is defined in units U k , RP(U k ), derived from the indoor measurements in the units U k by lognormal modelling .
The general regression model is:
where the upper index i counts the independent variables, lower index j counts the data within unit U k , and the lower index k counts the spatial units described above (BS and 5kmBS). This approach was not used for the 1kmBS data grouping because very few 1kmBS polygons in a geological terrain contain 10 or more indoor radon measurements.
The multiple linear regression model where both eU and permeability are the independent variables is: RP irg (%>AL) = c + a*eU + b*Permeability + Є. When eU is the only independent variable then the regression model is: RP irg (%>AL) = c + a*eU + Є.
These regression equations were used because the objective of the study was to compare maps modelled from the independent variables (eU, permeability etc.) with conventional radon maps used in the UK which show the %>AL, rather than GM or AM indoor radon. As detailed below, the least squares linear regression modelling appears to show that permeability is generally not a significant independent variable for the terrain specific modelling, or when it is significant, it controls a relatively small proportion of the variation (compared with eU).
Whilst a multiplicative model (C ~ (Ra) * (Perm) * (other factors)) may be more appropriate based on theoretical physics, we have used the simpler additive model (RP irg = c + a*eU + b*Permeability + Є) because (1) because the aim was to model RP irg rather than C (concentration of indoor radon); (2) there is a linear relationship between RP irg and GM indoor radon for data grouped by geology; (3) grouped eU, eTh and soil data have nearnormal distributions; and (4) the multiplicity of other unquantifiable factors involved. A similar approach was used by .
Spearman rank and Pearson correlation coefficients between the dependent variable (i.e. the radon potential (RP irg ) estimated from indoor radon data grouped by geology and spatial unit) and possible independent variables (airborne spectrometric, soil chemistry and ground permeability) were used to identify those independent variables with the strongest linear relationship with RP irg . For each data set (1kmBS, BS and 5kmBS), we used stepwise linear regression or, more commonly, repeated the linear regression analysis after removing independent variables from the model if the b-coefficients (regression coefficients; slopes)
were not significant and/or the ANOVA p-value for an independent variable was >0.05, in order to produce modelled estimates of radon potential (RP mod ). The K, U, and Th soil variables were omitted from all data sets to avoid multicollinearity as they have high positive correlations with the equivalent airborne variables.
The goodness of fit between RP irg ( Figure 3 ) and RP mod predicted using a range of linear regression models (Table 2) 
Only those 1kmBS polygons with >9 airborne eU measurements were included in the MSD and bias calculations.
The provisional data smoothing reported by Appleton and Miles (2008) was extended to include all those geological combinations with >79 indoor radon measurements. However, it was concluded that the use of the relationship between eU and RP irg for individual BS combinations as a method for modelling RP is probably not a statistically valid or practical option because of the (1) negative correlations for some BS combinations; (2) lack of statistically significant correlations for other BS combinations; (3) many BS combinations do not fulfil the criteria for this type of data analysis. This approach was therefore not investigated further. delineates the spatial variations in radon potential both between and within geological units, was used as the standard against which radon maps produced by predictive modelling of the airborne gamma-ray spectrometry, soil geochemistry and ground permeability data were compared.
3.2 Selection of independent variables for linear regression models
1kmBS data set
Spearman rank correlation data (Table 3) suggest that only permeability, soil Al and soil Fe are likely to be significant (p<0.05) independent variables for linear least squares regression models for this data grouping. Soil Al and Fe are negative correlations with RP irg while permeability is positive. Stepwise and repeated linear regression indicated that eU and permeability are significant independent variables which respectively explain 22%, and 5% of the total variance. Identification of eU and permeability as significant independent variables may reflect the statistically significant (p 0.05) Pearson correlation coefficients between RP irg , eU and permeability, although Pearson coefficients between RP irg and eTh, Kair (K determined by airborne gamma ray spectrometry), and soil K, U, Th, Al, and Fe are also significant. The disparity between the Pearson and Spearman coefficients is likely to reflect the impact of a small number of 'outliers' in this data grouping in which data for all geological units are considered together.
BS data set
The Spearman rank correlation data (Table 3) suggest that eU, eTh, Kair, permeability and soil K, U, Th and Y are likely to be the most significant independent variables. Pearson correlation coefficients for these variables are also significant (p<0.05). Stepwise linear regression showed that eU and permeability are significant and respectively explain 53% and 2% of the total variance. For the SE sector of N. Ireland, eU explains 73% and eTh 7% respectively of the RP irg variation. The relationship between eU and RP irg for some individual BS combinations and groups of combinations is illustrated in Figure 7 .
5kmBS data set
The Spearman rank correlation data (Table 3) indicate that eU, eTh, permeability, soil U, Th, K, Y, Al and Fe may be significant independent variables as do the Pearson coefficients.
Stepwise and repeated linear regression of these variables showed that only eU and permeability are significant, explaining 24% and 4%, respectively, of the RP irg variance.
Only eU, eTh, Kair and soil Y appear to be significant positive independent variables for the Proterozoic in the West sector (Table 3 ) but stepwise regression indicates that none of the variables are statistically significant. A model based on eU, eTh and Kair shows that although eU is the most significant it is not statistically significant (p 0.09) and explains only 3% of the total variance of RP irg .
Spearman rank (Table 3) and Pearson correlation coefficients suggest that eU, eTh, Kair, and soil K, U, Th and Y may be significant independent variables for the Palaeozoic terrain in the SE sector. In contrast, stepwise regression indicates that eU and Kair are the only significant independent variables and these explain 28% and 5%, respectively of the total variance of RP irg .
For the Carboniferous terrain in the West sector, Spearman correlation statistics (Table 3) suggest that eU is likely to be the only significant independent variable but stepwise least squares linear regression indicates that eU and permeability are significant independent variables which explain 31% and 18%, respectively, of the total variance of RP irg . Pearson correlation coefficients suggest that soil U, Th, Y, Fe and permeability may be significant in addition to those indicated by the Spearman rank correlation data.
eU, eTh, Kair and soil U, Th, Y and LoI are likely to be the most significant positive independent variables for the Palaeozoic and Palaeogene intrusives in the SE sector (Table 3) .
However, regression analysis indicates that only eU, Kair, permeability and soil Th are significant and of these only eU explains a substantial (47%) proportion of the variance. Kair, permeability, and soil Th each account for only 4-5% of the total variance and are not included in the model for this terrain. When eU is the sole independent variable, it explains 58% of the total variance in RP irg .
Radon potential maps derived using linear regression modelling of Tellus data
Visual comparison of the results of radon potential maps derived from linear regression modelling (for model definitions see Table 2 ) with RP irg indicates that (i) the 1kmBS RP mod (Figure 8 ) substantially underestimates radon potential throughout most of Northern Ireland and overestimates RP for the Gala Group in the SE sector; (ii) the BS-eUperm model ( Figure   9 ) over estimates RP for most of the area underlain by the Gala and Hawick Groups in the SE sector as do the BS-eU, 5kmBS-eUperm ( Figure 10 ) and 5km-eU models; (iii) model 5kmBS-mix (Figure 11 ), in which a range of linear regression models are applied to different geological terrains, provides the best visual agreement with the RP irg map (Figure 3 ).
The MSD and Bias between RP mod and RP irg values for the four main models is compared with the average RP irg in Table 4 . Only data from 1kmBS polygons with >9 airborne data points were used to compile (Table 4) , which has a relatively high RP irg (15.6%).
When the impact of superficial geology is considered separately (Table 5) , the average bias is most negative (i) for areas covered by peat where high soil moisture and organic content will tend to depress eU values and hence RP mod , and (ii) for areas where bedrock is covered by permeable glacial sand and gravel units, which may be explained by radon loss resulting in low quantities of radon daughters, and hence low 214 Bi, low eU and low RP mod .
Conclusions
The RP mod map produced from Tellus data using separate linear regression models for different geological terrains provides the best visual agreement with the RP irg map. Also the lowest bias values were generally obtained when terrain specific regression models were used. However, radon potential maps produced using the Tellus data appear to underestimate radon potential especially where the highest radon potential is indicated on the integrated RP irg radon map. For example, there are several areas underlain by Argyll Group metasediments, Gala Group greywackes, Hawick Group greywackes (e.g. Lecale peninsula), the Newry Granodiorite and Carboniferous limestone where the RP estimated from the Tellus data is substantially less than that shown on the RP irg map. This underestimation may be because airborne eU values (calculated from 214 Bi, a daughter product of radon, 222 Rn) are in some cases reduced where the radon concentration is lower in the top 30 cm of the soil than at greater depth, as a result of the loss of radon from the surface rocks and soils to air.
Areas have been identified where RP may be higher or lower than indicated on the RP irg map.
Only 13% of the variation of indoor radon can be explained by geology in Northern Ireland whereas geology explains 69% of the variation of airborne eU data and 83% of the variation of soil U data (based on average eU and soil U values calculated from the five eU or three soil U values located nearest to each of the 23 040 indoor radon measurement locations). So it is not entirely surprising that the agreement between the D200 irg and D200 mod radon maps in Northern Ireland is less than perfect. In contrast, 24% of the variation of indoor radon in
England and Wales and 27% in Scotland is explained by geology .
Whilst the integrated geological-grid square radon mapping method, as applied in this study, is currently the most accurate method for defining radon Affected Areas in Northern Ireland, it is suggested that additional indoor measurements should be made in those areas where
Tellus data indicate that the radon risk appears to be relatively high or low compared with the RP irg map (Figure 3 ). The RP mod map (Figure 11 ) may be particularly valuable as a predictor of radon potential in those areas where there are currently very few indoor radon measurements. In addition, the greater spatial accuracy of new 1:10 000 scale digital geological maps, which are being produced as part of the Tellus 2 project might increase the confidence level of the data analysis reported here. A range of alternative regression methods including the generalised linear model (GLM) could be evaluated (see for example Bossew et al., 2010) but these may well produce essentially the same results, as indicated in previous studies by who compared the results of least squares, Theil's and weighted total least squares regression. Least squares regression analysis studies between indoor radon and a range of independent variables including soil gas radon, gamma-ray spectrometry, soil and rock uranium data are being carried out as part of a project to produce a geogenic radon map of Europe (e.g. Kemski et al., 2010) .
Radon mapping based on targeted in-house measurements would normally be more costeffective than using an airborne survey carried out only for the purpose of producing radon potential maps. As a consequence, airborne radiometric survey data should be used for radon mapping only if the data is collected as part of a multi-disciplinary, multi-detector survey such as the Tellus project in Northern Ireland (Young and Earls, 2007) . Radon maps based on the airborne radiometric data from such surveys would be a valuable by-product that could be used to help target future in-house radon measurement campaigns. Abbreviations: NI = Northern Ireland; IRn = indoor radon, PERM = permeability Perm. = permeability; *Kair = K estimated from airborne gamma ray spectrometry; **LoI = Wt. loss on ignition at 450°C; bold coefficients significant (p <0.05). 
